The genetic control of gene expression is a core component of human physiology. For the past 32 several years, transcriptome-wide association studies have leveraged large datasets of linked 33 genotype and RNA sequencing information to create a powerful gene-based test of association 34 that has been used in dozens of studies. While numerous discoveries have been made, the 35 populations in the training data are overwhelmingly of European descent, and little is known 36 about the portability of these models to other populations. Here, we test for cross-population 37 portability of gene expression prediction models using a dataset of African American individuals 38 with RNA-Seq data in whole blood. We find that the default models trained in large datasets such 39 as GTEx and DGN fare poorly in African Americans, with a notable reduction in prediction 40 accuracy when compared to European Americans. We replicate these limitations in cross-41 population portability using the five populations in the GEUVADIS dataset. Via simulations of both 42 populations and gene expression, we show that accurate cross-population portability of 43 transcriptome imputation only arises when eQTL architecture is substantially shared across 44 populations. In contrast, models with non-identical eQTL showed patterns similar to real-world 45 data. Therefore, generating RNA-Seq data in diverse populations is a critical step towards multi-46 ethnic utility of gene expression imputation. 47 48 KEYWORDS 49 TWAS, gene expression, admixed populations, GTEx, PrediXcan 50 51
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MANUSCRIPT TEXT 52 53
In the last decade, large-scale genome-wide genotyping projects have enabled a revolution in our 54 understanding of complex traits. [1] [2] [3] [4] This explosion of genome sequencing data has spurred the 55 development of new methods that integrate large genotype sets with additional molecular 56 measurements such as gene expression. A recently popular integrative approach to genetic 57 association analyses, known as a transcriptome-wide association study (TWAS) 5, 6 , leverages 58 reference datasets such as the Genotype-Tissue Expression (GTEx) repository 7 or the Depression 59
and Genes Network (DGN) 8 to link associated genetic variants with a molecular trait like gene 60 expression. The general TWAS framework requires previously estimated cis-eQTL for all genes in 61 a dataset with both genotype and gene expression measurements. The resulting eQTL effect sizes 62 build a predictive model that can impute gene expression in an independently genotyped 63 population. A TWAS is similar in spirit to the widely-known genome-wide association study 64 (GWAS) but suffers less of a multiple testing burden and can potentially detect more associations 65 as a result. As evidenced by application to numerous disease domains, the TWAS framework is capable of 84 uncovering new genic associations. [11] [12] [13] [14] [15] [16] [17] However, the power of TWAS is inherently limited by the 85 data used for eQTL discovery. For example, since gene expression varies by tissue type, 86 researchers must ensure that the prediction weights are estimated using RNA from a tissue 87 related to their phenotype, whether that be the direct tissue of interest or one with sufficiently 88 correlated gene expression. 18 Furthermore, the ability of predictive models to impute gene 89 expression from genotypes is limited by the heritability in the cis region around the gene. The concordance between predicted and measured gene expression over the 273 genes in 163 common to all seven weight sets, with corresponding training metrics from PredictDB as 164 benchmarks, shows worse performance than expected for R 2 ( Figure 1 ) and correlations ( Figure  165 2). The highest mean R 2 of 0.0336 was observed in DGN. Here, we highlight the intersection of 166 genes across model sets for investigation, but the overall patterns for all genes are similar; results 167 for the 11,545 total genes (Supplementary Figure 1) and the 39 genes with positive correlations 168 (Supplementary Figure 2) showed little appreciable deviation from R 2 shown in Figure 1 . Because 169 SAGE is an independent validation set for the training populations, we would expect to observe 170 some deterioration in imputation R 2 due to differences in population structure and linkage 171 disequilibrium. However, Figure 1 shows a marked difference in model performance.
173
More noteworthy is the substantial proportion of predictions in SAGE with negative correlations 174 to the real data. All seven weight sets produced negative mean correlations. The least negative 175 mean correlation (-0.0044) was observed with GTEx_v6p, while the most negative mean 176 correlation (-0.020) was observed with MESA_AFA (Supplementary Table 1 (Table  223 2) yields a more equal basis of comparison between populations, albeit from a subset of genes 224 with potentially more consistent gene expression levels. In this case involving better-predicted 225 genes, we see that imputation quality between the European groups improves noticeably, with 226 R 2 ranging between 0.183 to 0.216, while R 2 between Europeans and Africans ranges from 0.095 227 to 0.147. In general, populations seem to predict better when imputing into themselves, and less 228 well when imputing into other populations. 229 230
Combining all European subpopulations obscures population structure and can complicate 231 analysis of cross-population imputation performance. To that end, we divide the GEUVADIS data 232 into its five constituent populations and randomly subsample each of them to the smallest 233 population size (n = 89). We then estimate models from each subpopulation and predict into all 234
five subpopulations. Figure 3) and statistically significant (p-value < 1.36 x 10 -4 , Dunn test; see 241
Supplementary Table 6 ). The cross-population differences remain for the 142 genes with positive 242 correlation in all train-test scenarios (Table 4) , where R 2 for imputation into YRI ranges from 0.166 243 to 0.244, while imputation within EUR populations ranges from 0.239 to 0.331. These results 244 clearly suggest problems for prediction models that impute gene expression across populations, 245
in similar regimes to those tested with linear predictive models and datasets of size consistent 246 with current references. In addition, since AFR is genetically more distant from the EUR 247 subpopulations than they are to each other, we interpret these results to imply that structure in 248 populations can potentially exacerbate cross-population imputation quality (Supplementary 249 Figure 4 ).
251
The unresolved question is the extent to which these results hold with oracle knowledge of eQTL 252 architecture, something impossible to investigate in real data when the causal links between 253 eQTL and gene expression can only be estimated. Table 7 ). The results for k = 5, 10, and 20 287 eQTL are consistent with the higher overall ancestral similarity of AA to YRI versus AA to CEU or 288 CEU to YRI (k = 10, Figure 4 , similar plots in Supplementary Figure 5 and Supplementary Figure  289 6). Although less realistic for most genes 5,6,18 , we also analyzed models with a single causal eQTL.
290
Trends for single-eQTL models are difficult to analyze due to simplicity in architecture 291
(Supplementary Figure 7) and binary inference as to whether the causal is identified or not. 292 293
Overall, these results highlight two points: firstly, since prediction within populations is better 294 than prediction between populations, our results reaffirm prior investigations 38 that population 295 matching matters for optimally imputing gene expression. This is consistent with our results of 296 impaired transcriptome imputation performance in SAGE with currently available resources. 297
Secondly, despite decreased prediction accuracy when imputing between different populations, 298 the populations that are more closely genetically related demonstrate better cross-population 299 prediction. Imputation results from both GTEx and DGN into SAGE suggest that current predictive 300 models, even for genes with greater heritability, perform worse than expected despite matching 301 tissue types. Focusing on imputation R 2 , as previous studies have done, may hide the observation 302 of a substantial proportion of negative correlations between predictions and gene expression 303 measurements in cross-population scenarios. Our investigation into cross-population imputation 304 accuracy with GEUVADIS data replicates this lack of cross-population portability as observed with 305 current GTEx and DGN predictive models. Since transcriptome prediction models use 306 multivariate genotype predictors trained on a specific outcome, the impaired cross-population 307 application can be viewed as an analogous observation to that seen previously in polygenic 308 scores.
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It is important to note that our observations do not reflect shortcomings of either the initial 311
PrediXcan or TWAS frameworks. Nor do our findings affect the positive discoveries made using 312 these frameworks over the past several years. These methods fully rely on the data used as input 313
for training, and the most commonly used datasets for model training are overwhelmingly of 314
European descent. Here we note that the current models fail to capture the complexity of the 315 cross-population genomic architecture of gene expression for populations of non-European 316 descent. Failing to account for this could lead researchers to draw incorrect conclusions from 317 their genetic data, particularly as these models would lead to false negatives. 318 319
To this end, our simulations strongly suggest that imputing gene expression in a target population 320 is improved by using predictive models constructed in a genetically similar training population. If 321 populations share the exact same eQTL architecture, then they are essentially interchangeable 322 for the purposes of gene expression imputation so long as eQTL are genotyped and accurately 323 estimated, which remains a technological and statistical challenge. As the proportion of shared 324 eQTL architecture decreases between two populations, the cross-population imputation quality 325 decreases as well, and often dramatically. In both SAGE and GEUVADIS, we observe cross-326 population patterns consistent with an imperfect overlap of eQTL across populations. Ensuring 327 representative eQTL architecture for all populations in genotype-expression repositories will 328 require a solid understanding of true cross-population and population-specific eQTL. However, 329 expanding the amount of global genetic architecture represented in genotype-expression 330 repositories, which can be accomplished by sampling more populations, provides the most 331 desirable course for improving gene expression prediction models. Additionally, this presents an 332 opportunity for future research in methods that could improve cross-population portability, 333 particularly when one population is over-represented in reference data. Tools from transfer 334 learning could facilitate porting TWAS eQTL models from reference populations to target 335 populations using little or no RNA-Seq data. 336 337
In light of the surging interest in gene expression imputation, we see a pressing need for freely 338 distributed predictive models of gene expression estimated from coupled transcriptome-genome 339 data sampled in a variety of populations and tissues. The recently published predictive models 340 with multi-ethnic MESA data constitute a crucial first step in this direction for researchers 341 working with admixed populations. However, the clinical and biomedical research communities 342 must push for more diverse genotype-expression resources to ensure that the fruits of genomic 343 studies benefit all populations. 344 We trained prediction models in GEUVADIS on genotypes in a 500Kb window around each of 387 23,723 genes with measured and normalized gene expression. GEUVADIS subjects were 388 partitioned into various groups: the Europeans (EUR373), the non-Finnish Europeans (EUR278), 389 the Yoruba (AFR), and the constituent 1000 Genomes populations (CEU, GBR, TSI, FIN, and YRI).
Online Resources
390
For each training set, we performed nested cross-validation. The external cross-validation for all 391 populations used leave-one-out cross-validation (LOOCV). The internal cross-validation used 10-392 fold cross-validation for EUR373 and EUR278 and LOOCV for the five constituent GEUVADIS 393 populations in order to fully utilize the smaller sample size (n = 89) compared to EUR278 (n = 278) 394 and EUR373 (n = 373). Internal cross-validation used elastic net regression with mixing parameter 395 ! = 0.5 as implemented in the glmnet package in R. n/a n/a n/a n/a (p < 5.6 x 10 -172 ) n/a n/a n/a n/a CEU to AA -0.244 27.784 n/a n/a n/a n/a (p ~ 1) (p < 5.0 x 10 -169 ) n/a n/a CEU to YRI 13.373 41.403 13.618 n/a n/a (p < 6.5 x 10 
